This paper investigates the transferability of calibrated HBV model parameters under stable and contrasting conditions in terms of flood seasonality and flood generating processes (FGP) in five Norwegian catchments with mixed snowmelt/rainfall regimes. We apply a series of generalized (differential) split-sample tests using a 6-year moving window over (i) the entire runoff observation periods, and (ii) two subsets of runoff observations distinguished by the seasonal occurrence of annual maximum floods during either spring or autumn. The results indicate a general model performance loss due to the transfer of calibrated parameters to independent validation periods of −5 to −17%, on average. However, there is no indication that contrasting flood seasonality exacerbates performance losses, which contradicts the assumption that optimized parameter sets for snowmelt-dominated floods (during spring) perform particularly poorly on validation periods with rainfall-dominated floods (during autumn) and vice versa.
Introduction
Climate change impact assessments are usually based on multi-model/multi-parameter ensembles which lead to a cascade of uncertainty (Wilby and Dessai 2010) . The majority of studies that try to attribute uncertainties to the different steps within these ensembles usually indicate a larger contribution from the climate models and the emission scenarios to the overall uncertainty, while the contribution of hydrological model uncertainty tends to be relatively minimal (e.g. Kay et al. 2009 , Dobler et al. 2012 , Addor et al. 2014 . However, there is increasing concern that the hydrological models used in climate change impact assessments are not perfectly suited to dealing with changes in the hydro-meteorological conditions and their related catchment processes due to the conceptual representation and parameterization of the hydrological system (Thirel et al. 2015a) .
Hydrological model uncertainty emerges both from the model structure and from the parameterization of the model, and from data uncertainty (Refsgaard et al. 2006 , Matott et al. 2009 . From the perspective of climate change, we should be particularly interested in the reliability of hydrological model simulations if applied under transient hydro-climatological boundary conditions as potentially imposed by climate change (Bronstert 2004, Blöschl and Montanari 2010) . From that perspective, we need to thoroughly verify the transferability of both model structures and calibrated model parameters under transient hydro-climatological conditions. Surely, the performance of process-based models should be robust against changing conditions. However, model structures can become invalid if the dominant processes fundamentally change. Hydrological model parameters related to a specific process may become invalid if the process is not well represented during the calibration period. That is, model calibration against observation data accounts for the specific climate characteristics found in the data period. In turn, different calibration periods showing contrasting hydro-meteorological conditions may already yield different best-fit parameter sets, highlighting a lack of parameter robustness over time (Wagener et al. 2003 , Merz et al. 2011 .
In climate change impact analysis, non-stationarity in climate conditions is implicitly considered by the future climate projections, and the time transferability of hydrological parameters is a critical issue that has gained a lot of research interest in recent years, e.g. the Special Issue of Hydrological Sciences Journal (Vol. 60, Issue 7-8), Thirel et al. (2015b) . For testing the robustness of hydrological model simulations under contrasting hydro-meteorological conditions, Klemeš (1986) proposed the differential split-sample test (DSST) in which a hydrological model is calibrated and validated on two (or more) hydro-meteorologically contrasting periods. Refsgaard et al. (2013) recently recommend performing DSSTs to generate further confidence in the hydrological models used for climate change impact projections. Examples of the application of such tests can be found in the studies by Seibert (2003) , Vaze et al. (2010) , Merz et al. (2011) , Coron et al. (2012) , and Brigode et al. (2013) . Most of these authors found a considerable decrease in model performance after transferring calibrated parameter sets between climatologically contrasting periods. Seibert (2003) calibrated the HBV model in four Swedish catchments for years with lower runoff peaks and tested the calibrated model for years with higher peaks, finding a decrease in model performance. More recently, Vaze et al. (2010) applied the DSST for four different conceptual hydrological models in 63 Australian catchments and found that the models calibrated under wetter conditions performed worse for dryer periods than vice versa. Coron et al. (2012) introduced generalized split-sample tests, which systematically test all possible combinations of calibrationvalidation periods using a 10-year moving window over the observation time period. Using three hydrological models in 216 catchments in southeast Australia, they also found systematic over-and underestimation of average runoff volumes when transferring calibrated parameters from wetter to drier conditions and vice versa. Merz et al. (2011) calibrated a conceptual hydrological model for six consecutive 5-year periods for 273 catchments in Austria. They found that the parameters controlling snow dynamics and soil moisture processes depend significantly on the hydro-climatological conditions of the calibration period, which leads to notable biases in high flows especially in snow-affected catchments. Finally, Brigode et al. (2013) found that two hydrological models calibrated for 63 catchments in France were sensitive to climatologically contrasted calibration sub-periods (dry vs wet) and that this lack of model robustness has a stronger impact on the uncertainty of hydrological projections of future streamflow as compared to the use of several multiple parameter sets. Fowler et al. (2016) , however, indicate that the reason for failing the DSST is often due to insufficient model calibration techniques, rather than to the models themselves, which can lead to a false negative impression of the capabilities of conceptual hydrological models under changing climate conditions. Surely, there is no general solution for ensuring the robustness of calibrated parameter sets under transient conditions: transferability always needs to be verified for a specific setting characterized by the region, its scale and its dominant hydrological processes, the transient properties of hydro-climatic and other environmental boundary conditions, and, of course, the hydrological model structure and the observations underlying the calibration (Andréassian et al., 2009) . Nevertheless, climate change impact research should aim to characterize parameter transferability for settings characterized by typical combinations of regions, dominant processes, the transient properties and the underlying model type. Until now, the majority of such studies have focused on climatologically contrasting periods in terms of dry vs wet and warm vs cold conditions. None so far has explicitly studied the robustness of calibrated hydrological model parameters under contrasting conditions in terms of flood seasonality and flood generating processes.
For mountainous and northern regions, where the role of snowmelt vs rainfall as the most important flood generating processes is highly relevant for the seasonal flood regimes, the impacts of climate change on runoff and flooding are expected to be more severe than in other regions (Viviroli et al. 2011) . Climate change impact studies for Scandinavian catchments with mixed snowmelt/ rainfall regimes (e.g. Arheimer and Lindström 2015 , Vormoor et al. 2015 have indicated a temperaturedriven shift in flood seasonality from spring to autumn and early winter, with an increasing relevance of rainfall as a dominant flood generating process. In this sense, it is crucial to investigate the transferability of calibrated hydrological model parameters under contrasting flood seasonality conditions, since this may aid in selecting reasonable calibration periods for the optimization of hydrological model parameter sets that will be used in climate change impact studies for this particular type of setting: Nordic catchments with a complex flood seasonality involving flood generation by both rainfall and seasonal snowmelt.
From this perspective, we have developed a testing protocol that adapts the operational testing schemes for the temporal transferability of hydrological model parameters introduced by Klemeš (1986) , extended by the generalization of these tests as proposed by Coron et al. (2012) . The testing protocol has been applied in five Norwegian catchments with mixed snowmelt/rainfall regimes and flood peaks occurring either during spring or during autumn and early winter. Contrasting flood seasonality has been defined by the seasonal occurrence of the annual maximum floods (AMFs). The testing protocol allows for analysing model performance losses when transferring calibrated hydrological model parameters under stationary and non-stationary flood seasonality conditions, and the following two particular research questions are addressed by this study: (1) How large is the general hydrological model performance loss due to the transfer of calibrated parameter sets to independent validation periods with similar flood seasonality? and (2) Do performance losses increase if we transfer calibrated hydrological model parameters to validation periods with a contrasting flood seasonality reflecting a difference in the role of snowmelt and rainfall as dominant flood generating processes?
2 Material and methods
Study catchments: hydro-meteorological conditions and flood regimes
The testing protocol (described in Section 2.3) has been applied in five Norwegian catchments: Kråkfoss, Austenå, Bulken, Jogla and Fustvatn. All catchments are characterized by a mixed snowmelt/rainfall regime so that annual flood peaks occur either during spring and early summer or during autumn and early winter. Figure 1 shows the locations of the five catchments and the annual hydrographs for their respective data periods. Detailed catchment characteristics are given in Table 1 .
The catchments considered are included in the Norwegian benchmark dataset for climate change studies and are tested for their suitability for daily analysis of flood discharge (Fleig et al. 2013) . The five catchments vary in size from 31 km 2 (Jogla) to 1092 km 2 (Bulken) ( Table 1) . Dominant land cover types are either exposed (crystalline) bedrock with sparse vegetation above the tree line (i.e. the highest elevated catchments, Bulken: 54%, Jogla: 92%) or boreal forest (Kråkfoss: 76%, Austenå: 62%, Fustvatn: 38%). Continuous daily streamflow measurements are provided by the Norwegian Water Resources and Energy Directorate covering 41 years for Jogla , 47 years for Kråkfoss (1967 Kråkfoss ( -2014 and 53 years for Austanå, Bulken and Fustvatn (1961-2014) . Daily Figure 1 . Location of the five study catchments and summary plots of annual hydrographs for the catchment-specific length of runoff observation time series (length given in the header of each plot). The hydrographs also show the seasonal occurrence of the annual maximum floods: snowmelt-dominated spring/summer floods between March and August; rainfall-dominated autumn/ winter floods between September and February.
temperature and precipitation data are inferred from nationwide gridded maps with a 1 km × 1 km spatial resolution and a temporal coverage from 1 September 1957 until the present (e.g. Mohr and Tveito 2008;  seNorge maps provided to the public at www.senorge. no). For the period 1981-2010, mean annual precipitation and mean annual runoff varied between 1022 and 605 mm (Kråkfoss), and 2965 and 2057 mm (Jogla), respectively. Both variables show gradients in west-east and altitudinal directions, while precipitation and runoff depths increase towards the west coast and with higher altitude. Mean annual temperature varied between 1.5°C (Jogla) and 3.3°C (Kråkfoss) and runoff coefficients generally tend to be high due to low evapotranspiration.
The annual hydrographs shown in Figure 1 illustrate the mixed snowmelt/rainfall regimes of the catchments with spring and summer floods occurring during MarchAugust and autumn and early winter floods occurring during September-February. Snowmelt plays a remarkable role for the temporally clustered peak flows during MarchMay (Kråkfoss), April-June (Austenå, Jogla, Fustvatn) and May-July (Bulken). Rainfall is the dominant flood generating process for the events occurring during autumn and early winter. Note, however, that some events do not immediately reflect flood generating processes that are associated with their seasonal occurrence. We cannot exclude, for instance, that a phase of early snowmelt has contributed to peak discharge for events in late winter (e.g. January-February at Fustvatn, Bulken, Kråkfoss). At the same time, we can exclude that snowmelt has contributed to event discharge in late summer (e.g. July-August at Bulken, Jogla, Kråkfoss, Austenå). Therefore, we have excluded the years with these events from the analyses (see Section 2.3).
The annual hydrographs further illustrate differences between the catchments regarding the magnitude and frequency of spring/summer floods and autumn/ winter floods, which are summarized in ).
The HBV model and its calibration
The hydrological model that is tested for its transferability under contrasting flood seasonality is the "Nordic" version (Saelthun 1996 ) of the HBV model (Bergström 1976 (Bergström , 1995 . The HBV model is a conceptual lumped precipitationrunoff model that simulates streamflow using temperature and precipitation as inputs. The model has been applied widely in the Nordic countries (e.g. Lindström et al. 1997) and it provides a suitable conceptual representation of the dominant runoff generating processes, while it does not impose excessive data requirements. Evapotranspiration is estimated by the model using the temperature index method, rather than using monthly values as model input. The model is applied on a daily time step and consists of three basic subroutines: (a) a snow routine, (b) a soil moisture routine, and (c) a runoff response routine. Table 2 lists all model parameters including a short description and the parameter ranges as they are considered for model calibration. More detailed descriptions of the model structure can be found in Saelthun (1996) (for the model version used in this paper), Bergström (1995) , Lindström et al. (1997) and Seibert and Vis (2012) (for general information about the HBV model structure).
For model calibration, we apply the dynamically dimensioned search (DDS) (Tolson and Shoemaker 2007) , which is a global optimization algorithm for the calibration of multi-parameter models. DDS is based on a neighbourhood search, and within a user-specified maximum number of model evaluations it automatically scales the search to find best-possible solutions. In this study, we set the maximum number of model evaluations to 800, which provided a good balance of calibration performance and computational cost. A modified version of the NashSutcliffe efficiency (NSE w ) was used as the objective function so as to put even more emphasis on high-flow events than the regular NSE would do (e.g. Ott et al. 2013 , Vormoor et al. 2015 :
where Q obs represents the observed discharges, Q sim represents the modelled discharges, and n is the number of daily time steps. The squared errors in the numerator and denominator are weighted by the observed discharge. A mismatch between high observed and simulated discharges is, therefore, penalized proportionally to the observed discharge value. That way, we train the HBV model parameters to particularly represent the processes that lead to high-flow events, be it during spring and early summer or during autumn and early winter. For one of the study catchments (Kråkfoss), we compared the differences in matching the magnitude of AMFs between model simulations that are based on calibrated parameter sets using the modified NSE w criterion and the regular NSE criterion, respectively, as the objective function. For both NSE variants, we calibrated and evaluated the model on 6-year periods over a moving window moved forward by 1 year over the entire runoff observation time period (see Section 2.3). This comparison shows that simulations using calibrated parameter sets based on the NSE w outperform those based on the regular NSE (mean absolute errors on median, NSE w : 1.56 m 3 s −1 vs NSE: 2.63 m 3 s
−1
). Furthermore, we tested whether the calibration of the HBV model is sensitive to the AMF using the DDS optimization algorithm and the NSE w as objective function. To that end, we calibrated the model on one 6-year period (1986) (1987) (1988) (1989) (1990) (1991) preceded by a 5-year spin-up period in two different ways: (a) on the entire period including all AMFs, and (b) on the entire period after removing the AMFs (peak discharge plus one day concentration time and an event-specific number of days of runoff recession below the 75th streamflow percentile -2-3 days in this case). This test shows that the removal of AMFs modifies the calibration considerably (NSE w 0.80 vs 0.62) and leads to differences in the calibrated parameter sets.
2.3
Testing the transferability of hydrological model parameters under similar and contrasting flood seasonality conditions Klemeš (1986) introduced four hierarchical testing methods to describe how well a hydrological model can be transferred in space and time. Since we are interested in the temporal transferability of calibrated hydrological model parameters, the split-sample test (SST) and the differential split-sample test (DSST) are relevant for our purpose. The SST is a well-established calibration-validation procedure which assumes stationary hydro-meteorological conditions between calibration and validation periods. The DSST, in contrast, assumes non-stationary conditions for testing model simulations under potentially transient conditions. In this study, we apply both principles: (a) SSTs for quantifying the general validity of calibrated hydrological model parameters for the simulations of high flows for independent time periods with similar flood seasonality; and (b) DSSTs for testing the ability of the hydrological models to predict high flows under contrasting conditions in terms of flood seasonality. Since the number of possible transfer tests is usually small due to the limited temporal coverage of runoff observation data, Coron et al. (2012) proposed a generalization of the standard SST and DSST to fully utilize the available runoff observations, and referred to this procedure as the generalized split-sample test (GSST). The generalization is achieved by creating sub-periods of equal length using a moving window which is moved forward by 1 year over the entire runoff observation time period. For each sub-period, the hydrological model is calibrated, and the optimized parameter sets are validated on all possible (independent) sub-periods. In addition to fully utilizing the available observation data, the GSST has the advantage that no prior knowledge regarding transient boundary conditions is needed since the approach tests the hydrological model in as many varied climate configurations as covered by the data. Analyses of the contributions of, e.g., hydro-meteorological factors to performance losses can be undertaken posterior to running the GSST.
We are, however, able to determine -a priori and purely data-driven -the contrasting conditions (or processes) that have caused the AMFs if we expect that snowmelt is the dominant flood generating process in years with AMFs occurring during spring, and rainfall is the dominant flood generating process in years with AMFs occurring during autumn and early winter (Vormoor et al. 2015) . Since the test calibration has proven to be sensitive to the AMF (see Section 2.1), we can assume that the calibration will account for the certain process dominance that has caused annual peak flow discharge either during spring or autumn. Therefore, we can apply the generalized scheme of the SST and DSST both to the entire time series and to two contrasting blocks that cover the years in which AMFs occur either during spring or autumn and early winter to distinguish these two types of process dominance. Note that the determination of the two blocks with contrasting flood seasonality is based purely on the seasonal occurrence of annual floods. This excludes neither that a second prominent high-flow event occurs during the contrasted season, nor that the basic hydro-meteorological conditions fundamentally differ between these years. We further elaborate this in Section 3.1. In the following, we describe the individual steps of the testing protocol as it is applied in this study with reference to the example catchment Kråkfoss. The individual steps are illustrated in Figure 2 .
Step 1: Creation of sub-periods for the calibration and validation of the hydrological model using a moving window as proposed by Coron et al. (2012) . A time window of 6 years is moved forward stepwise by 1 year over the entire runoff observations time series, which results in 43 sub-periods. We choose a window length of 6 years to ensure that (i) in each sub-period and for each catchment both types of AMFs are present, and (ii) a sufficient number of independent periods are left for model validation. For each of these sub-periods, the HBV model is calibrated using the DDS global optimization algorithm. In contrast to the procedure described by Coron et al. (2012) , the resulting best-fit parameter sets are not validated on every independent sub-period only, but on all other 42 sub-periods including those with overlapping years. Therefore, we are able to estimate systematic model performance losses with a decreasing overlap in the years of the calibration sub-periods. Note that for both the calibration and validation, a 5-year spin-up period, which is made up of five times repeating the year prior to the first year of each sub-period, is applied to estimate the system states at the beginning of the simulations.
Steps 2-3: The same procedure is then applied for the two subsets of the runoff observation time series that have been separated based on the seasonal occurrence of AMFs during spring and autumn, respectively. For each subset, this results in 18 subperiods used for the calibration and validation of the HBV model. We are, therefore, able to estimate (i) the differences in the calibration results both between the two subsets and between the two subsets as compared to the results of Step 1, and (ii) the general validity of the HBV model under similar flood seasonality conditions with similar flood generating processes. As in Step 1, 5-year spin-up periods are applied to estimate the initial system states for each sub-period. To estimate the initial states for each year within the sequence of discontinuous years per sub-period (as indicated in Fig. 2) , the model is run over all continuous years covered by a sub-period but only the relevant years are used in the evaluation.
Step 4: Having estimated 18 best-fit parameter sets for the subsets with dominant spring floods and autumn floods, respectively, we are able to test these parameter sets on the sub-periods of their contrasting groups. This enables us to study the performance loss of the HBV model due to the transfer of calibrated model parameters under contrasting AMF seasonality. If the contrasting conditions in AMF seasonality have an impact on the robustness of the hydrological model parameters, the performance loss should be larger than the performance loss within the individual subsets (Steps 2-3). The initial system states are estimated as described in Steps 2-3.
As mentioned in Section 2.1, years with AMFs occurring during late summer and late winter have been excluded from the analysis since these AMFs do Figure 2 . Illustration of the methodology used for testing the transferability of calibrated hydrological model parameters based on the principles of the split-sample test (Step 1) and the differential split-sample test ( Step 2) (Klemeš 1986 ). The generalization of those schemes, i.e. the 6-year moving window, is adapted from Coron et al. (2012) . The numbers in this illustration stem from the study catchment Kråkfoss. Note that a 5-year spin-up period is applied for each sub-period in both calibration and validation modes. Moreover, for Steps 2-4, the model is run over continuous time periods and only the relevant years are used for model evaluation.
not necessarily reflect the typical flood generating processes that are associated with their season of occurrence (i.e. snowmelt vs rainfall). This leads to the fact that, for each of the catchments Kråkfoss, Bulken and Jogla 2 years, for Austenå 5 years, and for Fustvatn 7 years are excluded from the analysis. Another possible concern is the relatively small length of the sub-periods used for model calibration (i.e. 6 years). However, Brigode et al. (2013) , for instance, have shown that model calibration on even shorter time periods (3 years) can provide reasonable results.
Estimating the transferability of calibrated parameter sets
Performances losses caused by the transfer of optimized parameter sets to (in)dependent validation periods are estimated by the model robustness criterion (MRC) proposed by Coron et al. (2012) :
where ε is the performance criterion (in this case the NSE w ) to be maximized during the calibration. The idea behind the MRC is that a parameter set that has been calibrated for a certain period acts as a "donor" parameter set (D) for a model application on a validation ("receiver", R) period. The quality of this donor parameter set is assessed relative to the quality of the parameter set that has been optimized for the receiver period. Consequently, MRC varies depending on the ability of the parameter set optimized on the period D to simulate discharge, and particularly high flows, on the period R. That is, the MRC is zero if the parameter set optimized on period D performs as well as the parameters calibrated on the period R, while negative values indicate a decrease in the suitability of the parameter sets for the period R. The more negative the MRC is, the less transferable is the parameter set, and a MRC-value of, say −0.1 corresponds to a 10% performance loss. A positive MRC estimate, on the other hand, would mean that the parameter set from the period D performs better on the period R than that which has been optimized for R. Such cases may indicate problems with the calibration of hydrological model parameters on the receiver period, i.e. the global optimum could not be found properly.
Results

The dominance of annual maximum floods per calibration period
As indicated previously, the determination of the two blocks with contrasting flood seasonality is based purely on the seasonal occurrence of the AMFs, which does not exclude that a second prominent high-flow event occurs during the contrasting season. Thus, the level of dominance of AMFs during spring and autumn, respectively, varies across the years and the different periods used for calibration and validation. In this regard, Figure 3 shows the ranked levels of dominance of AMFs for the 6-year calibration periods with AMFs occurring during either spring or autumn. The level of dominance indicates to what degree high-flow discharge from the contrasting season reduces the dominance of AMFs during spring or autumn for a certain calibration period. That is, a dominance of AMF seasonality of 100% would mean that there are no second prominent high-flow events during the contrasting season, and a dominance of AMF seasonality of 0% would mean that the second prominent high-flow events during the contrasting season are as large as the seasonal AMFs. Kråkfoss and Austenå catchments show the largest dominance of AMF seasonality per calibration period and, thus, the most pronounced contrasting conditions in terms of flood seasonality. For Kråkfoss, the level of dominance for 18 calibration sub-periods with AMFs during spring and autumn ranges from 28 to 61% and from 26 to 46%, respectively. For Austenå, we have 19 calibration periods covering the years with AMFs during spring, and the level of dominance ranges from 27 to 49%. For 16 calibration periods that cover the years with AMFs during autumn, the level of dominance ranges from 25 to 51%, with eight periods showing larger than 40% dominant autumn floods. Compared to both previous catchments, the range of the dominance of seasonal AMFs at Bulken is smaller: for 18 periods with AMFs during spring the level of dominance varies between 21 and 33%; and for 23 periods the dominance of AMFs during autumn ranges from 20 to 35%. Due to the comparatively short runoff observation time series for Jogla , only 30 periods are available for the calibration and validation (17 with AMFs during spring, 13 with AMFs during autumn). Here, the range of dominance of periods with spring and autumn floods is 21-42% and 19-41%, respectively. For Fustvatn, the seasonal AMFs show the comparatively lowest level of dominance per calibration period. For 17 periods with dominant AMFs during spring, the level of dominance ranges from 15 to 38%, and for 27 periods with AMFs during autumn the level of dominance ranges from 18 to 37%. Figure 4 shows the calibration performance in terms of NSE w for the five study catchments. The distributions were derived by optimizing the HBV model parameters for all 6-year calibration periods of the moving window over the time series without any distinction regarding the seasonal occurrence of AMFs (Fig. 4, left) , and over the time series distinguished by the seasonal occurrence of AMFs during spring (middle) and autumn (right). The distribution of the calibration performance per group indicates the quality of the reference parameter sets as they are applied for the estimation of the MRC (see next sections).
Calibration performance
The calibration of the model yields fair to good results, with NSE w values ranging from 0.53 (minimum for Jogla) to 0.97 (maximum for Bulken). Note, however, that NSE w values tend to be somewhat higher than regular NSE values (e.g. 12-14% for Kråkfoss) due to the weighting of the high flows in the discharge data. Focusing on the distributions of NSE w values, the comparatively worst and best calibration results tend to emerge for Jogla and Kråkfoss, respectively. The medians of the calibration performance using the entire data series without any distinction regarding the seasonal occurrence of AMFs (Fig. 4 , left boxes in each plot) vary between 0.70 (Jogla) and 0.89 (Kråkfoss; Bulken). For Kråkfoss (0.91), Austenå (0.88), and Bulken (0.90) the medians of the calibration performance for the periods that cover the years with AMFs during spring are slightly larger than the medians of the calibration performance for all years (0.89, 0.87, 0.89). For these three catchments, the calibration of the hydrological model on periods with dominant spring floods tends to outperform the model calibration on periods with dominant autumn floods (both regarding the medians and the inter-quartiles of NSE w values). This may indicate that high flows during spring can be better simulated than high flows during autumn and early winter, which are often associated with more rapid concentration and recession runoff than snowmelt-dominated high-flow events during spring (see e.g. Lawrence and Haddeland 2011) . The visual inspection of observed and simulated hydrographs, however, does not always confirm this assumption. Moreover, the other two catchments, Jogla and Fustvatn, do not immediately promote this pattern, since the medians of the calibration performance on periods with AMFs during autumn are slightly larger than the medians of the calibration performance on periods with AMFs during spring. The upper quartiles of the calibration performance on periods with spring floods are, though, slightly larger than the upper quartiles of the calibration performances on periods with dominant autumn floods.
Split-sample tests (SSTs)
The results of the SSTs (Steps 1-3 of the testing protocol in Fig. 2) in terms of systematic model performance losses estimated by the MRC are illustrated in For Kråkfoss and the entire time series (Fig. 5(a) ), model performance decreases with a decreasing level of overlap between donor and receiver periods (about 1.2% of performance loss with each year decrease in overlap). Although expected, the result consistently demonstrates the role of (in)dependency between periods used for calibration and validation. For years with dominant spring floods (Fig. 5(b) ), we find a similar decrease in model performance with decreasing overlapping years, though not as distinct as for the entire time series. Note, however, that the sample size of parameter sets is considerably smaller (18 vs 43) due to the limited amount of years available to create 6-year sub-periods with spring floods. For the years with dominant autumn floods (Fig. 5(c) ), the SSTs show slightly smaller systematic performance losses than for the two previous groups. Moreover, for every set of SSTs, the upper quartile of the distribution shows positive MRC estimates, pointing to a better model performance with the donor parameter sets as compared to the original ones. This indicates, on the one hand, difficulties with estimating best-fit parameter fits for years where autumn and early winter flooding is dominant, and it illustrates, on the other hand, a comparatively large exchangeability of parameter sets that have been calibrated on different periods with AMFs occurring during autumn and early winter. Similar patterns of systematic model performance decrease with a decreasing level of overlapping years are found for the other four catchments (not shown). For Jogla and Fustvatn, however, the upper quartiles of all distributions including those for the years with AMFs during autumn show negative MRC estimates. Remember that for the same two catchments the calibration of hydrological model parameters for years with dominant autumn floods worked comparatively well (see Section 3.2).
Focusing on the MRC estimates for the independent validation periods for all catchments over the entire time series (Fig. 5 : the largest box to the right (a) and the left boxes in each plot of the lower panel), median performance losses vary between −5% (Austenå) and −15% (Fustvatn). Median performance losses for Kråkfoss, Bulken, and Jogla are −6%, −6% and −14%, respectively. The smallest inter-quartile range of MRC estimates is found for Bulken (−10 to −1%), and the largest inter-quartile range is found for Jogla (−24 to 0%), which has also shown the poorest calibration results (see Fig. 3 ). For all catchments, some individual donor parameter sets do continue to show a better model performance than the original parameter sets for the independent validation periods.
For the periods with dominant spring floods (Fig. 5(b ) and the middle boxes in the lower panel), the median performance losses estimated by the MRC for all independent validation periods within this group are equal or a bit smaller as compared to those of the entire time series (Kråkfoss and Austenå: −7%, Bulken: −5%, Jogla: −11% and Fustvatn: −13%). Again, the largest inter-quartile range is found for Jogla (−18 to +1%), though the interquartile range for Austenå is only one percentage point smaller. The smallest inter-quartile range is found for Kråkfoss (−10 to −3%). Again, there are individual donor parameter sets that show better model performances as compared to the original parameter sets for the validation periods, and for Austenå, Bulken, and Jogla even the upper quartile of the distributions of MRC estimates are slightly positive (<+1 to +1.5%).
For the periods with dominant autumn floods (Fig. 5 (c) and boxes to the right in the lower panel), the SSTs for the independent validation periods show slightly larger median performance losses for Bulken (-8%), Jogla (-16%) and Fustvatn (-17%) as compared to the two previous groups. For Kråkfoss (-5%) and Austenå (-4.5%), however, the SSTs show slightly smaller systematic performance losses than both previous groups. The pattern regarding the largest inter-quartile range is similar to both previous groups of SSTs (largest for Jogla: -24 to -3.5%), though, the smallest inter-quartile range is found for Bulken in this case (-13 to -4%).
To sum up: although there are considerable differences regarding the magnitude of model performance losses between the catchments, the results do not show large differences in the medians of model performance losses estimated by the SSTs for each individual catchment, irrespective of the group considered. This points to a robust model behaviour when transferring HBV model parameters under similar conditions in terms of flood seasonality.
Differential split-sample tests (DSSTs)
The question which now arises is whether or not model performance loss increases if we transfer best-fit parameter sets that have been optimized for years with AMFs during spring and autumn, respectively, to their contrasting group of receiver periods. Figure 6 shows the results of the DSSTs (Step 4 of the testing protocol in Fig. 2 ). For each plot in Figure 6 , the boxes and whiskers in front show the distributions of model performance losses in terms of MRC estimates using the donor parameter sets from periods with AMFs occurring during spring (left) and autumn (right) to their contrasting groups of receiver periods. They allow general conclusions to be made regarding the transferability of hydrological model parameters for periods with contrasting flood seasonality. To ease the comparison, boxes and whiskers in the background are adopted from Figure 4 and show the results of the SSTs for the independent validation periods with dominant spring and autumn floods, respectively.
Transferring calibrated parameters from periods with prominent spring floods to periods with prominent autumn floods results in median performance losses of −11% (Jogla) to −3% (Bulken), i.e. not so different from the results of transferring parameters the other way around (range of median performance losses from −12% (Fustvatn) to −4% (Austenå). More interestingly, even, it becomes obvious that the model performance losses estimated by the DSSTs (Fig. 6 , thick boxes in front) do not fundamentally differ from the performance losses as estimated by the SSTs (Fig. 6, thin boxes in the background) . Moreover, they are not necessarily larger. Only for the donor parameter sets that have been calibrated on periods with dominant autumn floods at Kråkfoss and on periods with prominent spring floods at Austenå is the median model performance loss estimated by the DSSTs slightly larger than that estimated by the SSTs (three and one percentage points, respectively). For all other catchments the performance loss is equal or even smaller when transferring parameters to periods with contrasted AMF seasonality. The largest differences between the median model performance losses estimated by the DSSTs and SSTs are found for Fustvatn (five percentage points for both directions of transfer) and Jogla (six percentage points; transfer from autumn donor periods to spring receiver periods). The most remarkable difference between the results of both tests is that the range of the distributions of the DSSTs tends to be smaller than those of the SSTs for most but not all catchments and directions of transfer. Note that the differences between the distributions of MRC values estimated by the DSSTs are statistically significant (with 95% confidence) for all catchments except for Jogla, as none of the notches of the boxplots in front are overlapping. The differences between the distributions of MRC estimates of the SSTs and DSSTs are statistically significant only for Kråkfoss, Jogla (for autumn donor periods), and Fustvatn (both donor periods).
Altogether, the transfer of parameters between periods of contrasting flood seasonality (and associated flood generating processes), as determined within this study, does not imply more pronounced performance losses as compared to the performance losses that have been estimated for periods with similar flood seasonality conditions.
On the role of AMF seasonality dominance and model performance loss
To further investigate the role of contrasting flood seasonality conditions on the model performance losses, we show in Figure 7 the relationship between the dominance of AMF seasonality per calibration period (adopted from Fig. 3 ) and the maximum performance loss in terms of MRC values estimated by the DSSTs. The largest correlations between the level of contrasting flood seasonality conditions and model performance loss are found for the transfer of donor parameter sets that have been calibrated on periods with dominant autumn floods at Kråkfoss and Austenå to receiver periods with dominant spring floods (Pearson correlation coefficients of 0.72 and 0.61, respectively). Austenå also shows a comparatively large correlation coefficient for transferring parameter sets the other way around (0.41). For Kråkfoss this is only true for calibration periods in which AMFs during spring are dominant with up to 45% (0.77); periods that show a larger dominance of AMF seasonality do not promote this pattern (correlation coefficient for all periods with dominant spring floods: 0.23).
Regarding the three other catchments, only Fustvatn and Jogla show mentionable positive correlations between the level of dominance of AMF seasonality and the maximum model performance losses: Fustvatn for the case when parameter sets are transferred from donor periods with dominant spring floods to receiver periods with dominant autumn floods (0.33), and Jogla for both directions of transfer (spring to autumn periods: 0.30; autumn to spring periods: 0.37). For Bulken (both directions of transfer) and for Fustvatn (transfer from autumn to spring periods) the correlation between the level of contrasting flood seasonality and model performance losses estimated by the DSSTs is almost zero.
In summary, the correlations between the level of contrasting AMF seasonality and the maximum model Figure 6 . Model performance losses in terms of the MRC estimated by the DSSTs using parameter sets optimized on the 6-year periods with AMFs occurring during spring and applied on the 6-year receiver periods with AMFs occurring during autumn (left boxes in front) and vice versa (right boxes in front). Boxes and whiskers in the background show the results of the SSTs on independent validation periods (no overlapping years) for each catchment to ease the comparison. The range of the whiskers covers 1.5 times the inter-quartile range represented by the boxes.
performance losses are not as distinct as expected. Only for Kråkfoss and Austenå, which show the most pronounced contrasts in flood seasonality conditions (see Section 3.1), a systematic increase in model performance loss can be correlated with larger levels of contrasting AMF seasonality conditions. In this sense, it is remarkable that these two catchments are the only ones within this study that also show larger median model performance losses estimated by the DSSTs as compared to the SSTs. The classification of the blocks with contrasting flood seasonality is based on seasonal occurrence of AMFs (i.e. one single event during either spring or autumn and early winter). We have shown that the calibration of the HBV model is sensitive to the AMF using the DDS optimization algorithm and the NSE w as objective function. We have also shown that the dominance of these AMFs per calibration period is reduced by second-order peak flow discharge from the contrasting season by 38% (Kråkfoss) to 85% (Fustvatn). This means that each calibration sub-period for both blocks of dominant AMF seasonality also covers relevant processes from their respective contrasting seasons. Moreover, the determination of the two blocks does not exclude that the basic hydro-meteorological conditions fundamentally differ between these two blocks (see the annual hydrographs in Fig. 1 ). In consequence, the model calibration seems to take care of all relevant runoff generating processes even though they are not dominant during a certain calibration period. For flood simulations this means that, although a flood generating process might not be dominant in a specific period, it might still be prominent enough to allow for a robust optimization of underlying parameters. This allows for the transferability of calibrated HBV model parameters to periods in which the same process becomes dominant.
From the perspective of differential split-sample tests, the results indicate that the contrasting conditions as determined by our classification approach are not contrasting enough to identify systematic model performance losses as intended by the test and as identified in other studies (e.g. Coron et al. 2012 ). So the question arises: which alternative approaches may be more suitable to properly gain contrasting conditions in terms of flood seasonality? One opportunity might be the determination of two contrasting blocks based on the seasonal occurrence of the largest mean monthly discharge per year. In this case we would focus on more aggregated runoff characteristics rather than on single events. We have tested this approach for one example catchment (Kråkfoss) and found similar model performance losses in terms of median MRC values estimated by the DSSTs (spring to autumn: −7%; autumn to spring: −9%, i.e. not so very different from the median MRCs estimated by the DSSTs in this study). Note, however, that the classification of two contrasting blocks in terms of the seasonal occurrence of the largest mean monthly flow results in an unequally distributed number of calibration sub-periods being available for each block: 30 sub-periods with maximum mean flows during spring and early summer, and only six sub-periods during autumn and early winter. In addition, the determination of the two contrasting blocks based on mean monthly flows does not particularly account for flood generating processes, as intended by this study.
Another, and probably the most drastic approach for gaining contrasting seasonality conditions between the calibration and validation periods refers to the optimization of hydrological model parameters for each calibration period based on the respective months of seasonal discharge only (i.e. March-August vs SeptemberFebruary). We tested this approach (again for Kråkfoss) and applied the generalized scheme of the DSST using a 6-year moving window over the entire runoff time series to optimize donor parameter sets for spring/ summer and autumn/winter conditions, respectively. When we transfer these donor parameter sets to their contrasting group of receiver periods, we identify model performance losses that are considerably larger than those identified within this study (i.e. spring to autumn: −26%; autumn to spring: −15%, on median). However, this approach still does not account for (changing) flood generating processes in particular. Moreover, this approach is somewhat arbitrary since it entirely neglects the seasonal hydro-meteorological regimes of the catchments, which may get altered by climate change but probably not fundamentally modified.
What are the implications of the results for hydrological flood modelling under climate change?
Our results are promising news for (flood-)hydrological impact modelling under climate change using the HBV model in Nordic catchments with likely shifts in their seasonal high-flow regime as long as the dominant "future processes" are represented to a certain degree in the calibration period (in this study with at least 38% prominence). This conclusion is based on the medians of the MRC estimates. The range of the distributions of the MRC estimates, however, indicates that model performance losses can be quite large for individual parameter sets (up to −27% for Kråkfoss; more than −50% for Austenå, Bulken, and Jogla). This highlights the need for careful selection of calibration periods and for applying a range of calibrated best-fit parameter sets in the multi-model ensembles for assessing the hydrological impacts of climate change. In that perspective, it is reasonable to calibrate hydrological models either for periods of sufficient length to include as many relevant processes as reflected by the observation data, or for periods that reflect likely future conditions most appropriately. The latter case, of course, assumes some prior knowledge about likely future conditions, which may not always be available a priori.
Finally, we need to emphasize that our positive conclusions regarding the transferability of calibrated HBV model parameters to periods with changing flood seasonality is based on the particular assumptions and choices of methods we have made in this study: (1) the determination of contrasting conditions based on the AMF seasonality; (2) the selection of the study catchments; (3) the choice of the DDS global optimization algorithm for model calibration; and (4) the application of the NSE w as objective function. Altering one or several of these decisions may yield different results and conclusions.
Conclusions
Using the HBV model in five Norwegian catchments with mixed snowmelt/rainfall regimes, we have systematically analysed the robustness of hydrological model parameters in terms of model performance losses when transferring calibrated parameter sets to validation periods with both similar and contrasting flood seasonality conditions.
On average, the results indicate the expected decrease in model performance when applying calibrated hydrological model parameter sets on independent validation periods. However, there is no indication that contrasting flood seasonality conditions -as they are defined within this study -exacerbate model performance losses. This contradicts our assumptions that calibrated parameter sets, which have been "specialized" for different dominant flood generating processes (i.e. snowmelt vs rainfall), perform more poorly under contrasting flood seasonality conditions (spring vs autumn) as compared to similar conditions. It appears that the intensity of a flood generating process plays only a minor role for optimizing the corresponding model parameters, as long as the process has some level of prominence in the calibration period (at least 38% in this study).
The results obtained by this study differ from the findings of other studies that have analysed the temporal transferability of hydrological model parameters (e.g. Vaze et al. 2010 , Coron et al. 2012 , Brigode et al. 2013 . All these authors found a considerable decrease in model performance when transferring hydrological model parameters under non-stationary conditions, which indicates a lack of parameter robustness. Note, however, that non-stationarity was usually defined as dry vs wet, or warm vs cold conditions, and the level of contrast between calibration and validation periods was most probably higher than within this study. Furthermore, mean runoff instead of floods was analysed as the hydrological target variable, and the geographical and hydro-climatological settings of those studies (mid-latitudes and semi-arid areas) differ from the setting represented by the catchments considered in this study.
Therefore, this study underlines that the transferability of hydrological model parameters needs to be scrutinized for specific catchments, models, and cases of non-stationarity. The results presented here establish that, at least for the investigated Nordic catchments with mixed snowmelt/rainfall regimes, changing flood seasonality is not the dominant cause for model performance losses. Thus, the prospects for the transferability of HBV model parameters under contrasting flood seasonality seem good as long as no fundamental changes in the hydro-meteorological regime lead to shifts in the relevance of (flood generating) catchment processes. In such a case, the probability of model failure may increase. Still, detecting the true causes for model performance losses as estimated by both the SSTs and DSSTs is needed and would require a more extensive analytical framework. Detailed analyses of the correlation between model performance and climate characteristics, for instance, may help to identify whether or not some parameters may indeed correspond to changes in climate characteristics, as found by Merz et al. (2011) and Osuch et al. (2015) . This, however, is beyond the scope of this study. In order to substantiate our conclusions, further investigations are required that use several hydrological model structures and more catchments with similar and/or different hydrological regimes in which contrasts can be found (Andréassian et al. 2009 ).
